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Natural language processing (NLP) is critical for improvement of the healthcare process because it can encode clinical data in
patient documents. Many clinical applications such as decision support require coded data to function appropriately. However, in
order to be applicable for healthcare, performance must be adequate. A valuable automated application is the detection of infectious
diseases, such as surveillance of pneumonia in newborns (e.g., neonates) because the disease produces signiﬁcant rates of morbidity
and mortality, and manual surveillance is challenging. Studies have demonstrated that automated surveillance using NLP is a useful
adjunct to manual surveillance and an eﬀective tool for infection control practitioners. This paper presents a study evaluating the
feasibility of an NLP-based monitoring system to screen for healthcare-associated pneumonia in neonates. We estimated sensitivity,
speciﬁcity, and positive predictive value by comparing results with clinicians judgments. Sensitivity was 71% and speciﬁcity was
99%. Our results demonstrated that the automated method was feasible.
 2005 Elsevier Inc. All rights reserved.
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Surveillance of infectious diseases is critical for health
care but manual methods are costly, inconsistent, and
error prone. One type of infectious disease that is impor-
tant to monitor is healthcare-associated pneumonia in
pre-term and full-term neonates because the disease re-
mains a signiﬁcant cause of morbidity and mortality in
that population [1]. The incidence of pneumonia in Neo-
natal Intensive Care Units can be as high as 10% in the
United States [2], with mortality varying from 5 to 20%1532-0464/$ - see front matter  2005 Elsevier Inc. All rights reserved.
doi:10.1016/j.jbi.2005.02.003
q This is an extended version of a paper presented at the ACL 2003
conference in Japan, June 2003.
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E-mail address: mendonca@dbmi.columbia.edu (E.A. Mendonc¸a).[3]. Healthcare-associated pneumonia is an infection
that is acquired during hospitalization, or in emergency
departments and outpatient clinics, and it is neither
present nor incubating at the time of admission.
The diagnosis of healthcare-associated pneumonia in
neonates is extremely challenging, since neonates often
do not exhibit typical signs and symptoms of this infec-
tion [4–8]. In most cases, the ﬁnal diagnosis is conﬁrmed
by microbiologic culture, but it is diﬃcult to obtain ade-
quate specimens in neonates because of the invasive nat-
ure of this procedure [9]. Additionally, culture results
are not timely [6] because results are produced after sev-
eral days, whereas results of radiology reports are usu-
ally obtained within 2 h.
Several studies have demonstrated the feasibility of
using natural language processing (NLP) technology
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NLP techniques have been used to analyze and structure
narrative patient reports in order to provide data for
applications, such as automated encoding, decision sup-
port, patient management, quality assurance, outcomes
analysis, and clinical research [10–16]. Additionally,
data mining and knowledge discovery techniques have
been used to automate the development of rules that de-
tect clinical conditions by interpreting data generated
from the natural language processing output of narra-
tive reports [17]. NLP is potentially an invaluable tool
for healthcare because it enables access to a rich and
varied source of clinical data. However, adequate per-
formance is critical for practical clinical applications as
well as timeliness.
This paper summarizes a study evaluating the feasi-
bility of an NLP-based monitoring system to identify
healthcare-associated pneumonia in neonates. We esti-
mated sensitivity, speciﬁcity, and positive predictive va-
lue by comparing results of the automated monitoring
system with those of clinicians judgments. Additionally,
we addressed challenges concerned with incorporation
of NLP-based monitoring technology in a large health-
care setting.2. Background
2.1. Surveillance of infectious diseases
Surveillance requires routine collection and analysis
of relevant data, which must be promptly distributed
to the appropriate health care providers, who then
must use the data to take action to prevent morbidity
and mortality [18]. Data provided by surveillance
tools can be used for several purposes: (a) to identify
the natural incidence of particular events, (b) to de-
tect situations that require epidemiologic control mea-
sures, and (c) to guide actions, allocation of
resources, and interventions [2]. Surveillance tools
provide baseline information on trends and geo-
graphic distribution of conditions. An important as-
pect is the ability to detect an outbreak at the stage
when intervention may aﬀect the expected course of
events [19]. To facilitate infectious disease surveil-
lance, several measures have been developed at the
national level. The Centers for Disease Control and
Prevention (CDC), for example, has implemented
measures to improve data collection and sharing for
surveillance purposes. The National Nosocomial
Infection Surveillance System (NNIS) [20] is con-
cerned with data standards, deﬁnitions, surveillance
protocols, and data sharing related to healthcare asso-
ciated infections. The National Electronic Disease
Surveillance System (NEDSS) focuses on standards
and the response to biothreats.2.2. The natural language system at NYPH
At the New York Presbyterian Hospital (NYPH) a
general NLP system in the clinical domain, called Med-
LEE (Medical Language Extraction and Encoding Sys-
tem) [12], is routinely used to parse and encode clinical
reports. It has been satisfactorily evaluated for clinical
applications that require encoded data found in dis-
charge summaries [15], radiology [21], and pathology re-
ports [22]. Hripcsak et al. [23] showed that, for
particular clinical conditions found in chest radio-
graphs, which included pneumonia, the performance
of the automated system using MedLEE output was
the same as that of physicians, and was signiﬁcantly
superior to that of lay persons and alternative auto-
mated methods. The main outcome measure in this
study was the ‘‘distance’’ between pairs of subjects,
where distance quantiﬁed the intersubject disagreement.
The distance between two subjects for a given radiology
report was deﬁned as the number of conditions on which
the subjects disagreed. The average distance between
two subjects was the simple average of distances over
all reports that were analyzed in common. The study
also measured the sensitivity and speciﬁcity for each
subject using the majority physician opinion as the refer-
ence standard. In another study to evaluate a clinical
guideline and an automated computer protocol for
detection and isolation of patients with tuberculosis,
Knirsch et al. [24] demonstrated that automated surveil-
lance is a useful adjunct to clinical management and an
eﬀective tool for infection control practitioners. That
detection system monitored radiology reports encoded
by MedLEE for evidence of radiographic abnormalities
suggestive of tuberculosis along with other data in the
patient repository that was already coded, such as the
patients hospital location (for isolation status), labora-
tory, and pharmacy data for immunological status.
The system detected patients who should be isolated
that were not detected using the normal protocol (i.e.,
manual detection). Most importantly, the application
was deemed valuable by the administration and cur-
rently is being used operationally to detect patients sus-
picious for tuberculosis. MedLEE has also been
extended to process echocardiograms, and electrocar-
diograms, but evaluations of performance in these areas
have not yet been undertaken because evaluation is very
costly in terms of time and personnel.
2.3. Overview of NLP system
MedLEE is composed of several diﬀerent modules,
where each module processes and transforms the text
in accordance with a particular aspect of language until
a ﬁnal structured output form is obtained. Detailed
descriptions were previously published [12], but a
brief summary is presented below. First we present a
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overview of the system. A more detailed description of
the output form that represents the extracted informa-
tion can be found in Friedman et al. [25].
The structured output consists of primary units of
clinical information (i.e., ﬁndings, procedures, and med-
ications), along with corresponding modiﬁers (e.g., body
locations, degree, and certainty). Fig. 1 shows an exam-
ple of a simpliﬁed version of structured output that is
generated as a result of processing the sentence increased
consolidation of the left lower lobe compatible with atelec-
tasis or pneumonia.
The output that is generated represents three primary
clinical ﬁndings, consolidation, atelectasis, and pneumo-
nia. The ﬁrst ﬁnding consolidation has a body location
modiﬁer left lower lobe of lung, and a change modiﬁer
whose target form is increase. In the second ﬁnding ate-
lectasis, the certainty modiﬁer is moderate, stemming
from compatible with. The third ﬁnding pneumonia has
a similar structure; it has also a certainty modiﬁer stem-
ming from both compatible with and or. Values for cer-
tainty modiﬁers are automatically mapped by MedLEE
to a small set of values in order to facilitate subsequent
retrieval. The actual output form generated by MedLEE
is XML, but Fig. 1 shows a compatible form, which is
more intuitive to read because the modiﬁers are indented
and are easy to diﬀerentiate from the main ﬁndings.
When MedLEE was originally developed, it was in-
tended for use in conjunction with decision support
applications, where high precision was critical. There-
fore, it was initially designed to maximize precision
and required a complete parse. However, subsequent
clinical applications required high recall, and we discov-
ered that ﬂexibility was critical. Currently, MedLEE at-
tempts to ﬁnd a complete parse but resorts to partial
parsing if a full parse cannot be obtained. When gener-
ating the structured output, the method that was used to
obtain the parse is saved as part of the structured output
so that users can ﬁlter ﬁndings in or out accordingly.
Preprocessor: the preprocessor recognizes sentence
boundaries, and also performs lexical lookup in order
to recognize and categorize words, phrases, and abbrevi-
ations, and to specify their target forms. For example,Fig. 1. Sample output in simpliﬁed form for the sentence increased
consolidation of the left lower lobe compatible with atelectasis or
pneumonia.enlarged and enlargement would both be classiﬁed as a
ﬁnding where the target form would be enlarged. The
lexicon was manually developed using clinical experts
because of the need for high precision. In a previous
study we used the UMLS (Uniﬁed Medical Language
System) [26], a controlled vocabulary developed and
maintained by the National Library of Medicine, to
automatically generate a lexicon from the UMLS. This
lexicon was subsequently used by MedLEE instead of
the MedLEE lexicon to process a set of reports. Results
showed a signiﬁcant loss of precision (from 93 to 86%)
and recall (from 81 to 60%) when using the UMLS lex-
icon [27]. Since then our methods for utilizing the
UMLS to acquire lexical knowledge have improved,
and limited terms are acquired.
Terms with ambiguous senses may be disambiguated
in this stage based on contextual information. For
example, the abbreviation BPD may mean bronchopul-
monary dysplasia, as well as borderline personality disor-
der and numerous other senses; however it is likely to
have the sense bronchopulmonary dysplasia if the domain
is radiology reports of the chest. The preprocessor can
also handle tagged text so that lexical deﬁnitions can
be speciﬁed in the text by a preprocessor external to
the MedLEE system, bypassing the need for lexical
lookup by MedLEE for those cases where the text is al-
ready tagged. This feature is particularly useful for han-
dling local terminology (such as the names of local
facilities, abbreviations, and acronyms), as well as for
providing a straightforward means for using an external
word sense disambiguation component with the Med-
LEE system. The word sense disambiguation compo-
nent system can be used prior to MedLEE to
determine and tag the correct sense of an ambiguous
term, and then the MedLEE system can use the informa-
tion reﬂected by the tags in place of lexical lookup.
Parser: the parser uses a grammar and lexical deﬁni-
tions to identify and interpret the structure of the sen-
tence, and to generate an intermediate structure based
on grammar speciﬁcations. The grammar is a set of rules
based on semantic and syntactic co-occurrence patterns.
Development of manual rules is costly, and we are cur-
rently investigating stochastic methods to help extend
the grammar automatically. The output of the parsing
phase generates a list structure equivalent to the form
shown in Fig. 1, where the output consists of primary
ﬁndings and associated modiﬁers.
Composer: the composer is needed to compose and
normalize multi-word phrases to facilitate retrieval for
those cases where the individual words of the phrase
have been separated from each other in the input sen-
tence. For example, the structure associated with the dis-
contiguous words spleen and enlarged in spleen appears
enlarged would be mapped to a phrase enlarged spleen
so that a subsequent retrieval could look for that phrase
rather than the individual components.
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the target terms in the intermediate structure to a stan-
dard clinical vocabulary (i.e., when performing UMLS
encoding, enlarged spleen would be mapped to the
UMLS code C0038002, which corresponds to the pre-
ferred vocabulary concept splenomegaly). The method
for encoding is generalizable because coding to another
vocabulary, such as the Systematized Nomenclature of
Medicine (SNOMED) [28], can easily be achieved by
switching the table. More details of the encoding process
are described by Friedman et al. [29].
Chunker: the chunker increases sensitivity by using
alternative strategies to break up and structure the text
if the initial parsing eﬀort fails.3. Methods
3.1. Design of feasibility study
A 2-year crossover study was conducted indepen-
dently of this NLP eﬀort (03/01/2001–01/31/2002,
03/01/2002–01/31/2003, ‘‘Staﬀ Hand Hygiene and Infec-
tions in Neonates’’ NIH 1RO1NR05197) in two neona-
tal intensive care units (NICU) in New York City to
assess the impact of hand hygiene products on rates of
healthcare acquired infection:
• NICU-A—a 40-bed unit provides care to acutely ill
neonates, including those requiring surgery for com-
plex congenital anomalies and extra corporeal mem-
brane oxygenation (ECMO),
• NICU-B—a 50-bed unit associated with a large
infertility treatment practice.
A trained infection control practitioner (ICP), using
the CDC National Nosocomial Infection Surveillance
System (NNIS) [20] deﬁnitions, performed the surveil-
lance for infections in both units. Cases were reviewed
manually and prospectively, including analysis of com-
puterized radiology, pathology, and microbiology re-
ports as well as chart reviews and interviews with
patient care providers. The diagnosis of infection was
validated with the physician co-investigator from each
unit after an independent manual and prospective re-
view of the case.
As part of this study, we evaluated the feasibility of
using the NLP system (MedLEE) to automatically
identify potential cases of healthcare-associated pneu-
monia in neonates. The NLP system was not changed,
but medical logic rules that accessed the NLP output
had to be developed. The rules were developed by a
medical expert based on modiﬁcations to existing rules
written for a previous application that detected pneu-
monia in adults based on MedLEEs output [23]. Mod-
iﬁcations in clinical and radiographic ﬁndings weremade in accordance with the CDC NNIS deﬁnition
of healthcare-associated pneumonia in neonates. These
modiﬁcations were necessary due to a large number of
false positives (>1150 cases) generated when the rules
for detecting acquired pneumonia in adults were used.
The ﬁnal rule was then adapted to function properly
with the output generated by MedLEE. For example,
the rule looks for 38 diﬀerent ﬁndings or modiﬁer-ﬁnd-
ing combinations, such as pneumatocele and persistent
opacity, and then ﬁlters out ﬁndings that are not appli-
cable because they occur with certain modiﬁers (e.g.,
no, rule out, cannot evaluate, resolved, a total of 62
modiﬁers). Therefore the automated monitoring system
consists of two components: (a) the MedLEE NLP sys-
tem and (b) medical rules that access the output gener-
ated by MedLEE.
In the initial phase of the feasibility study, the medi-
cal expert deﬁned the rules broadly to identify reports
consistent with pneumonia in neonates (and not only
healthcare-associated pneumonia) with the intention of
continuing the eﬀort if performance in identifying all
forms of pneumonia was satisfactory. This meant that
the automated system could not diﬀerentiate between
pneumonia and healthcare-associated pneumonia at this
point. There were no probabilities associated with ﬁnd-
ings or combination of ﬁndings. Although the number
of false positives was reduced by a large number com-
pared to the initial results, it was still necessary to reﬁne
the rules further in order to diﬀerentiate between health-
care-associated pneumonia and other types of pneumo-
nia. Rules were enhanced to restrict data from reports
based on the time the radiological chest X-ray was given
in order to be consistent with a healthcare-associated
pneumonia diagnosis. No changes were made to the
clinical and radiographic ﬁndings or modiﬁer-ﬁnding
combinations used in the rules. The additions included:
(a) if an infant has a positive chest radiograph within
the ﬁrst 48 h of admission the case is deﬁned as
community acquired pneumonia,
(b) if an infant has a positive chest radiograph for
pneumonia within the ﬁrst 48 h, healthcare-associ-
ated pneumonia is only considered after 7 days of
the ﬁrst positive exam, and
(c) if a positive case is identiﬁed after 48 h of admis-
sion, a second infection will be considered only
after 3 weeks of the ﬁrst positive diagnosis.
All chest radiograph reports of neonates admitted to
NICU-A were processed using the revised automated
monitoring system. To better assess true performance,
no corrections were made to the reports despite misspell-
ings and even the inclusion of other types of reports in
the same electronic ﬁles as the chest radiograph reports.
For instance, it is not uncommon to have a combined
chest–abdomen radiograph in a neonate.
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During the 2 years of the study, from the total of
1688 neonates admitted to the NICU-A, 1277 neonates
had 7928 chest radiographs. Based on the experts eval-
uation, only seven neonates had healthcare-associated
pneumonia at least once during the hospital stay. Cases
were deﬁnitively conﬁrmed by cultures. These seven pa-
tients had a total of 168 chest radiographs.
The automated system found the presence of pneu-
monia in 66 chest radiographs associated with 63 pa-
tients, including 5 of the 7 patients identiﬁed by the
experts. One of the missed cases was a neonate with car-
diac problems, and the chest radiograph did not show
ﬁndings of healthcare-associated pneumonia. A pul-
monary biopsy performed subsequently showed ﬁndings
consistent with healthcare-associated pneumonia. In the
second case, the chest radiographic report presented the
ﬁnding increased opacity, which would trigger the rule,
but the word ‘‘increased’’ was misspelled (‘‘incresed’’
opacity). The ﬁnding opacity only triggers the rules if a
modiﬁer, such as increased, is also present. The simple
presence of opacity does not deﬁne a positive case.
For healthcare-associated pneumonia, the sensitivity
(recall) of the automated system was 71%, while speciﬁc-
ity (false positive rate) was 99%, and the positive predic-
tive value (precision) was only 7.5%.
Two manual reviews by experts were performed. For
one review, an independent infection control practi-
tioner (ICP) manually analyzed each false positive case
(e.g., errors in precision). The analysis involved a chart
review of the cases and data collected by the clinical trial
study. Results showed that 54 neonates (out of the 61
false positives) did actually have radiograph ﬁndings
that corresponded to pneumonia, but were not classiﬁed
by the infection control practitioner as having health-
care-associated pneumonia because they did not present
one or more of the other criteria for the diagnosis of this
pathology. Other criteria included, for example, a posi-
tive culture.
In the second manual review, one of the authors
(E.A.M.), who is a board certiﬁed pediatric intensive
care physician, manually veriﬁed the results obtained
by the ICP, focusing on the outputs of the natural lan-
guage and rule components. The results of this second
analysis corroborated the ﬁndings of the ICP. False pos-
itives were due to both: the natural language processor
and the deﬁnition of the rules. The main problems re-
lated to the language processor were reports with incor-
rect punctuation leading to errors in identiﬁcation of
sentence boundaries and poor grammar. One problem
in the deﬁnition of the rules was identiﬁed: one rule
was not designed to identify interval improvements in
clinical ﬁndings. For example, in the sentence ‘‘chronic
lung changes no focal inﬁltrate’’, a period was missing
between the phrases ‘‘chronic lung changes’’ and ‘‘nofocal inﬁltrate.’’ Without the period, the natural lan-
guage parser did not identify the appropriate end of
the phrase ‘‘chronic lung changes,’’ and identiﬁed
‘‘no’’ as part of it; therefore, missing the negation in
the second phrase. A second example shows the problem
with the deﬁnition of the rules: ‘‘in comparison to the
most recent similar examination, there has been an inter-
val improvement in bilateral pulmonary consolidation.’’
In this case, the rules did not recognize that there was a
time interval improvement. The modiﬁers timeperiod
and timeunit were not included in the rules, therefore,
consolidation did trigger the rules and identiﬁed the case
as current pneumonia. The expert reviewer (EAM) also
encountered several occurrences of missed abbreviations
(e.g., ‘‘BPD’’) by the MedLEE system. Another com-
mon error was the misspelling of terms. The last two
problems were not directly related to the false positives
or negative rates.5. Discussion
Natural language processing has the potential to ex-
tract valuable data from narrative reports. The signiﬁ-
cance is that a vast amount of NLP structured data
could then be exploited by automated tools, such as
decision support systems. Automated alerts [30–33] re-
quire coded clinical data to do an intelligent analysis
of patient status or condition. An automated tool, which
notiﬁes appropriate personnel about patients with a par-
ticular condition or infection facilitates timely and ade-
quate response, including treatment, medication
prophylaxis, and isolation and vastly reduces the man-
ual surveillance necessary to screen patients for
infections.
Conditions such as healthcare-associated pneumonia
carry signiﬁcant rates of morbidity and mortality. Sur-
veillance of respiratory infection in these patients is a
challenge, especially in neonates admitted to neonatal
intensive care units. Positive microbiologic cultures
alone do not distinguish between bacterial colonization
and respiratory infection. Surveillance based on radiol-
ogy and laboratory ﬁndings can be valuable as a com-
plement to daily manual chart review and clinical
rounds.
An NLP system cannot be used in a clinical environ-
ment without an infrastructure to support its use. At the
NYPH, a clinical event monitor [34] based on Arden
Syntax for Medical Logic Modules—MLM [31,35] pro-
vides clinical decision support. When a clinical event oc-
curs (such as uploading of a radiograph reports),
appropriate medical logic modules are triggered based
on the type of event. However, in order to be used by
the monitoring system, narrative data must be coded.
We envision the integration and use of this automated
NLP system to facilitate surveillance of healthcare-
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after further validation and reﬁnements.
An additional issue is that the data from the NLP sys-
tem have to be represented in a way that can be manip-
ulated by the clinical information system, and easily
retrieved by the medical rules. Therefore it is not enough
to evaluate an NLP system in isolation of a clinical
application. The NLP system may perform very well
in isolation, but the rules that access the data may in-
volve complex inferencing, may be diﬃcult to write be-
cause of the representation generated by the NLP
system, or may need data from other clinical sources.
The implementation of an NLP-based monitoring
system is not a trivial task. Even if the output of a nat-
ural language processor accurately extracts and struc-
tures the information in patient reports, it does not
guarantee that the system will be useful in a clinical
setting because many steps are required before such a
monitoring system can actually be used. Fig. 2 illus-
trates an overview of the steps required before actual
deployment should occur. This ﬁgure focuses on utili-
zation of the structured output, and assumes the text
was processed by an NLP system prior to monitoring.
First, knowledge engineering is performed to translate
clinical knowledge into rules that constitute the Moni-
toring System, which operates on the output of the
NLP system. Second, a testing phase must be under-
taken, followed by reﬁnement of the rules needed for
monitoring. The dotted line in the ﬁgure shows where
we currently are in the overall process. The third phase
is the validation phase during which the monitoring
system is tested again on a diﬀerent set of reports. Fi-
nally, the last phase consists of the ﬁeld evaluation
phase during which a prospective study of the impact
of the system on patient care is undertaken.
Knowledge engineering requires that a domain ex-
pert, such as a clinician, interact with software analystsFig. 2. Overview of the steps required in order to use an NLP-based
automated surveillance system in a clinical setting.and programmers to develop and implement rules for
the monitoring system. This process itself consist of
three phases:
(a) Knowledge acquisition: extraction of knowledge
from the literature, and the minds of domain
experts in a reusable form. For example, in our
system the rules were extracted from the CDC
NNIS deﬁnitions and reﬁned by expert clinicians.
(b) Knowledge representation: the translation of the
acquired knowledge into a computable form.
Here, the knowledge was translated into queries
testing the structured output. For example, we
looked for a ﬁnding, which was opacity where
the modiﬁer was of type change and had the value
increase (Fig. 1).
(c) Knowledge optimization and testing: the ﬁne-tun-
ing of the knowledge to be used by the system. The
modiﬁcations in the original rules to satisfy the
CDC NNIS deﬁnition of healthcare-associated
pneumonia in neonates are an example of reﬁne-
ment in the system.
For healthcare-associated pneumonia, sensitivity (re-
call) and speciﬁcity were appropriate for the clinical
application (71 and 99%, respectively), but the positive
predictive value (precision) was low (7.5%), as expected
in this phase. Low precision was primarily due to the
broad rule that was used to detect pneumonia, and
was not due to the NLP system itself. After a substantial
eﬀort that involved manual chart review by two experts
(step 2 in the evaluation), we realized that 54 of the 61
false positive cases actually did ﬁt the criteria speciﬁed
by the rules, and that the neonates conditions did not
completely ﬁt the CDC NNIS deﬁnition of healthcare-
associated pneumonia in neonates. Mainly, they did
not have positive microbiology cultures. In summary,
our rules may need to be reﬁned to distinguish among
radiograph ﬁndings moderately or highly suggestive of
healthcare-associated pneumonia. Additional data from
other sources, such as laboratory and pathology results,
should also be combined with radiograph ﬁndings to
add precision to the automated system. This will be
done in the future as well as an evaluation.
The MedLEE system was not adapted in any way for
this eﬀort. Additionally, the rules were based on expert
knowledge but there was no training of the rules because
of the sparseness of the data. One type of NLP error was
caused by a missed abbreviation BPD. A straightforward
solution would be to include the abbreviation in the lex-
icon, but this would create problems because of the
ambiguous nature of the abbreviation. BPD has multiple
meanings, including bronchopulmonary dysplasia, border-
line personality disorder, biparietal diameter, bipolar dis-
order, and bilio-pancreatic diversion, among others.
This is not surprising since abbreviations are known to
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ical text. In chest radiographs of neonates, BPD gener-
ally denotes bronchopulmonary dysplasia, a condition
that predisposes the patient to respiratory infection. In
other types of radiology reports, for instance abdominal
echography, BPD generally means biparietal diameter, a
measure of the gestational age. Word sense disambigua-
tion is a diﬃcult problem, and is widely discussed in the
computational linguistics literature. A review of methods
for word sense disambiguation is presented by Ide et al.
[38]. In the clinical setting, an important part of the solu-
tion will involve identifying the particular domain and
use of special purpose domain-speciﬁc disambiguators
that tag ambiguous abbreviations and specify their
appropriate sense prior to parsing, based on the domain
and other contextual information. Deﬁning the appro-
priate domain granularity will be important, but may
be a diﬃcult task because the granularity may vary with
the abbreviation. For example, in the case of radio-
graphic reports, possibly the domain should involve all
chest X-rays or only chest X-rays of neonates, or the spe-
ciﬁc type of reports. Additional NLP problems were re-
lated to poor English grammar and punctuation errors.
Both problems are well recognized by the informatics
and natural language communities and would be very
diﬃcult to correct. Therefore, it would be important to
assess the extent of the problem in a speciﬁc domain.
In this study, we wanted to ﬁrst evaluate the feasibil-
ity of automated surveillance based on NLP in a real
clinical situation. The situation that presented itself
was important but only involved a small population of
positive cases. The results that were obtained are not
meant to be deﬁnitive but to highlight the issues associ-
ated with the use of an automated system that employs
NLP in a real environment. This study is important be-
cause it established a relationship with clinicians who
need this technology. It is this collaboration, which is
critical for furthering use and validation of NLP in the
clinical domain. In this study, for instance, upon review-
ing our ﬁrst results, the infection control practitioner felt
she may have missed some cases when following her
standard manual surveillance, and said she would wel-
come the assistance of an automated system, even if it
generated a manageable number of false positives (false
alerts). This was not the case, however. The manual re-
view of all false positives conﬁrmed the classiﬁcation of
pneumonia in all cases. This evaluation also showed that
54 of the 61 false positive cases (88.2%) actually had
some type of pneumonia, although not healthcare-asso-
ciated. The ICP also felt that these types of cases,
although false positives, were important to evaluate to
conﬁrm the diagnosis. Ideally there would be no false
positives, but a few false positives per week would prob-
ably be acceptable. In that case, the 61 false positives,
accounting for 2 years of cases, would be very accept-
able. This needs further evaluation.Routine surveillance of infectious diseases in hospi-
tals is generally accomplished by manual review of
charts and clinical rounds by the ICPs. In case of sus-
pected infection, the data are collected using surveillance
protocols that target inpatients at high risk of infection.
The CDC NNIS deﬁnition for healthcare-associated
pneumonia is a 2-page written protocol, and interpreta-
tion of guidelines and protocols varies among health
care providers, even within the same institution. A re-
cent study on surveillance of ventilator-associated pneu-
monia (VAP) in very-low-weight infants retrospectively
compared VAP surveillance diagnoses made by the hos-
pital ICPs with those made by a panel of experts with
the same clinical, laboratory, and radiographic data cor-
roborated the variation among experts [7]. An accurate
NLP system, which codes reports consistently, should
improve data collection for surveillance. We plan to val-
idate the NLP-based monitoring system with a second
set of data, incorporating the system into the clinical
information system and ﬁeld test it to ensure that it
has a positive eﬀect on patient care.6. Conclusion
Surveillance of infectious disease is critical for
health care but manual methods are costly, inconsis-
tent, and error prone. An automated system using
NLP would be an invaluable tool that could be used
to improve surveillance, including emerging infectious
diseases and biothreats. We performed a feasibility
study in conjunction with an ongoing clinical trial to
detect the presence of healthcare-associated pneumo-
nia in neonates within an actual clinical setting. The
results showed that an automated system consisting
of NLP and clinical rules could be used for automated
surveillance. Further work will include reﬁnement of
the rules, further evaluation, integration with the clin-
ical environment, and identiﬁcation of other surveil-
lance applications.Acknowledgments
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